Predicting the grain yield performance of three-way hybrids is challenging. Three-way crosses are relevant for hybrid breeding in barley (Hordeum vulgare L.) and maize (Zea mays L.) adapted to East Africa. The main goal of our study was to implement and evaluate genome-wide prediction approaches of the performance of three-way hybrids using data of single-cross hybrids for a scenario in which parental lines of the three-way hybrids originate from three genetically distinct subpopulations. We extended the ridge regression best linear unbiased prediction (RRBLUP) and devised a genomic selection model allowing for subpopulationspecific marker effects (GSA-RRBLUP: general and subpopulationspecific additive RRBLUP). Using an empirical barley data set, we showed that applying GSA-RRBLUP tripled the prediction ability of three-way hybrids from 0.095 to 0.308 compared with RRBLUP, modeling one additive effect for all three subpopulations. The experimental findings were further substantiated with computer simulations. Our results emphasize the potential of GSA-RRBLUP to improve genome-wide hybrid prediction of three-way hybrids for scenarios of genetically diverse parental populations. Because of the advantages of the GSA-RRBLUP model in dealing with hybrids from different parental populations, it may also be a promising approach to boost the prediction ability for hybrid breeding programs based on genetically diverse heterotic groups.
H
ybrid breeding is of increasing relevance for the selfing species rice (Oryza sativa L.), wheat (Triticum aestivum L.), and barley (Mühleisen et al., 2014; Xu et al., 2014; Zhao et al., 2015a) . Released hybrids in barley (Philipp et al., 2016) and rice (Yuan et al., 2003; Lu et al., 2004; Yu et al., 2005; Ye et al., 2008; Zhang et al., 2009 ), but also in the outcrossing species maize (Worku et al., 2016) , are partially based on three-way crosses. The use of three-way hybrids is mainly driven by the excellent ratio of the cost of goods sold to the market price of seed. For barley, three-way hybrids offer a further advantage because they allow for the efficient combination of hybrid breeding with ongoing line breeding (Philipp et al., 2016) . Therefore, it is of interest to identify triplets of parental inbred lines that result in high-yielding hybrids, but doing so is challenging because of the high number of potential three-way crosses.
Several methods have been suggested to predict the performance of three-and four-way hybrids using phenotypic data (for review, see Hallauer and Miranda Filho, 1981) . Jenkins (1934) suggested several approaches to predict the performance of four-way hybrids utilizing the information on single-cross hybrids. Cockerham (1967) developed an "optimum" predictor of the performance of four-way hybrids-a linear function of the general and specific combining-ability effects estimated from singlecross data (Otsuka et al., 1972) . Jenkins (1934) and Cockerham (1967) assumed that the parental lines originated from one population, which is often not the case, especially for crops with genetically distinct heterotic groups (van Heerwaarden et al., 2012) . Melchinger et al. (1987) developed an "optimum" predictor for three-and fourway hybrids that assumed that the lines originated from two genetically distinct parental populations. Nevertheless, the prediction accuracies were only slightly different from Jenkins's methods B and C (Jenkins 1934) .
The above outlined methods to predict the performance of three-and four-way hybrids require that every line is used as a parent of at least one single-cross hybrid. In contrast, using genome-wide prediction approaches (Meuwissen et al., 2001 ) widens this bottleneck. The potential for genome-wide prediction of grain yield has been examined in several studies with hybrids in maize (e.g., Massman et al., 2012; Guo et al., 2013; Technow et al., 2014; Zenke-Philippi et al., 2016) , rice (e.g., Xu et al., 2014; Wang et al., 2016) , wheat (e.g., Zhao et al., 2015a) , triticale (e.g., Gowda et al., 2013) , sunflower (e.g., , and barley (e.g., Philipp et al., 2016) . In a recent study, Philipp et al. (2016) used RRBLUP (Whittaker et al., 2000) trained with a population of single-cross barley hybrids and predicted the grain yield performance of three-way hybrids. Nevertheless, its ability to predict was low, revealing the need to develop genome-wide prediction methods specifically designed for three-way crosses.
The major goal of our approach described in the current paper was to implement and evaluate genome-wide prediction approaches of the performance of three-way hybrids using data from single-cross hybrids for a scenario in which parental lines originate from genetically distinct subpopulations. In particular, our objectives were to (i) develop a RRBLUP approach to facilitate modeling general and subpopulation-specific genetic effects (GSA-RRBLUP); (ii) reformulate GSA-RRBLUP as a genomic best linear unbiased prediction model (GBLUP, VanRaden, 2008) ; (iii) contrast the prediction ability of RRBLUP with that of GSA-RRBLUP using computer simulations and experimental data of single-cross and three-way hybrids in barley; (iv) evaluate the underlying assumptions of the GSA-RRBLUP model and investigate the resulting consequences; and (v) determine the advantages of GSA-RRBLUP compared with other prediction approaches for the performance of three-way hybrids.
Materials and Methods

Plant Materials and Field Experiments
This study is based on previously published phenotypic and genomic data (Philipp et al., 2016) . Briefly, the phenotypic data comprised yield tests performed in the hybrid barley program of Syngenta AG (Basel, Switzerland) . The data were structured into 47 replicated trials with 25-30 entries evaluated across environments. The trials were connected with up to eight common checks. The trial designs at the environments were randomized complete block or lattice designs. Plot sizes ranged from 6.9 to 19.8 m 2 , and sowing density varied from 200 to 225 seeds m −2 for hybrids and 270 to 325 seeds m −2 for lines, depending on local growth practice and optimized Syngenta growing protocols for hybrids. The data set included information about 166 trial ´ environment combinations and 859 genotypes tested in 10,700 yield plots. The phenotyped genotypes comprised 66 inbred lines, 385 two-way hybrids, and 408 three-way hybrids. Inbred lines and two-way and three-way hybrids were evaluated partly in the same trials.
All hybrids were produced using a cytoplasmic male sterility (CMS) system. Three-way hybrids were generated as hybrid of male ´ (female1 ´ female2), where female1 belongs to a pool with CMS lines, female2 is a maintainer line corresponding to a different female1 CMS line (minority) or an advanced inbred line without restorer genes (majority), and the male belongs to a pool of genotypes carrying restorer genes guaranteeing fertility of hybrid plants. For single-cross hybrids (hybrid of male ´ female), the female belongs to the CMS lines, and the male originates from the pool of genotypes with restorer genes.
Phenotypic analysis was performed using a two-step approach as described in detail by Philipp et al. (2016) . Briefly, best linear unbiased estimates (BLUEs) of genotypes were calculated for each environment, and these were then used for the analyses across environments. The further genome-wide prediction analyses were based on the BLUEs of the genotypes estimated across environments.
Genomic Data
In total, 289 barley lines were genotyped using a 3K single nucleotide polymorphism (SNP) array based on an Illumina Infinium assay. Markers were excluded if missing values were greater than 5%, resulting in 1536 polymorphic SNP markers (Philipp et al., 2016) . Marker information could be deduced for 724 out of 793 phenotyped single-cross and three-way hybrids (363 singlecross and 361 three-way hybrids; Supplemental Fig. S1 ).
Ridge Regression Best Linear Unbiased Prediction
We used data of single-cross hybrids to train a genomewide prediction model to predict the performance of three-way hybrids. We applied an RRBLUP model including additive and dominance effects. The RRBLUP model is defined as
where y is the vector of phenotypic records of the hybrids,1 n is an n-dimensional vector of ones and n is the number of hybrids, m refers to the mean, Z A and Z D are n ´ m design matrices of the single-cross hybrids for the additive and dominance effects of the markers, and m refers to the number of markers. The elements of Z A are −1, 0, 1, and those of Z D are 0, 1. a = (a 1 , a 2 ,…, a m )
T are vectors of length m, where a i and d i , i = 1, 2,…, m denote the additive and dominance effects for the ith marker, respectively. e = (e 1 , e 2 ,..., e n )
T is a vector of length n, where e j , j = 1,2,…, n is the residual for the jth hybrid. For the RRBLUP Eq.
[1], prediction of the performance of the three-way hybrids is performed as
where ŷ¢ is the vector of the predicted genotypic values of the three-way hybrids, 1 n ¢ is an n¢-dimensional vector of ones and n¢ is the number of three-way hybrids, and Z A ¢ and Z D ¢ are n¢ ´ m design matrices of the three-way hybrids for the additive and dominance effects of the markers. m is the BLUE for m, and â and d are BLUPs for the marker effects a and d. m , â, and d were estimated or predicted applying Eq.
[1].
RRBLUP Model Assuming General and Subpopulation-Specific Additive Effects
We extended RRBLUP by modeling, in addition to general, also subpopulation specific additive marker effects of the male, female1, and female2 parents (GSA-RRBLUP). In GSA-RRBLUP, the additive effect of the kth (k = 1,2,…, m) marker from the male parents (a M,k ) is described as the sum of a general effect of both male and female (female1 and female2) parents of the hybrids (a 0,k ) and an effect specific to the male parents (a MS,k ); that is,
is the additive effect of the kth marker from the female parents of the single-cross hybrids, and a FS,k is the effect specific to the female parents. Therefore, the GSA-RRB-LUP model for the single-cross hybrids is For GSA-RRBLUP, performance of the three-way hybrids is predicted as
where Z AM ¢ and Z AF 1 ¢ are n¢ ´ m design matrices of the male and female1 parents of the three-way hybrids for the additive marker effects, m is an estimate, and â 0 , â MS , â FS , and d , are predictions obtained from Eq.
[3]. Other terms are the same as defined above. Because marker effects are available only for the female1 population, marker effects for female2 population cannot be considered in the prediction and the coefficient for Z AF 1 ¢ is 1/4. The marker effects and the variance components used in the above models were estimated by applying the restricted maximum likelihood method.
Prediction Ability of the Performance of Three-Way Hybrids
We estimated and predicted the effects of Eq.
[1] and Eq.
[3] using the full data set of 363 single-cross hybrids. The effects were used to predict the performance of the 361 three-way hybrids. The prediction ability was estimated as the Pearson's correlation coefficient between the predicted genotypic values and the observed phenotypic values of the three-way hybrids.
In addition, we also estimated as a reference base the prediction ability of RRBLUP within the pool of single-cross hybrids by applying fivefold cross validation (Philipp et al., 2016) . In the fivefold cross validation, a random sample of 80% of the single-cross hybrids was used as training set to predict the performance of the remaining 20% of single-cross hybrids as a test set. Random sampling was repeated 100 times for each validation scenario. Prediction ability was estimated as the Pearson's correlation coefficient between the observed and the predicted hybrid performance.
We used a further cross validation scenario to evaluate the accuracy of genome-wide prediction when parts of the three-way hybrids were produced together with the two-way hybrids. In this scenario, we used all two-way hybrids as the training set and replaced 10, 20, 30, 40, or 50% of the three-way hybrids. The remaining three-way hybrids were used as the test set. The sampling of the training and test sets was repeated 100 times. In each round, we applied GSA-RRBLUP. Prediction ability was estimated as the Pearson's correlation coefficient between the observed and the predicted hybrid performance.
Computer Simulations
The underlying assumptions of the GSA-RRBLUP and RRBLUP models were examined in more detail using computer simulations. Thereby, we also inspected the prediction ability for RRBLUP modeling additive effects for a combined female pool (female1 Ç female2) and male lines (MF-RRBLUP). For MF-RRBLUP, the marker effect is estimated by
[5]
The performance of the three-way hybrids is predicted by
The simulations were based on the marker data of the two-and three-way hybrids while assuming three different covariance structures among marker effects. In Scenario 1, the marker effects of parental lines were assumed to be independent. In Scenario 2, we assumed that the marker effects of parental lines were positively correlated. In Scenario 3, we assumed that the marker effects of parental lines were negatively correlated. The heritability and variance component ratios were adjusted to reflect the experimental data set. The training set consisted of twoway hybrids of the type male ´ female1, which was used to estimate the performance of three-way hybrids.
Results
Female Parents of Hybrids Exhibit Different Genetic Characteristics
We inspected the population structure of the parental lines by applying a principal coordinate analysis. The first two principal coordinates explained 17.4% of the molecular variation (Fig. 1) . The male parents of both the single-cross and three-way hybrids fell into the same group. This group was genetically distinct from the female parents. In addition, we observed that female2 parents of the three-way hybrids tended to cluster more closely to the male parents than the female1 parents did. The genetic difference between the female1 and female2 lines is further substantiated by the significantly (P < 0.001) larger Rogers' distances between the female1 and female2 lines (RD = 0.23) compared with lines belonging to the same pool (RD = 0.21). In summary, our findings clearly indicate different genetic characteristics of the parental populations of the single-cross and three-way hybrids that potentially impact the results of genomewide predictions.
GSA-RRBLUP Resulted in Higher Prediction Abilities Than RRBLUP
For RRBLUP, we observed a low prediction ability from single-cross to three-way hybrids amounting to 0.095, which was substantially lower than that observed within the pool of single-cross hybrids (r = 0.509, Fig. 2 ). This clearly underlines the need to take the population structure into consideration when training the prediction model. Consequently, we decomposed the marker effects into a general and a specific component for the different parental populations (GSA-RRBLUP). Performances of the three-way hybrids were then predicted using only the marker effects of the sharing parental populations between the single-cross hybrids and the three-way hybrids (male parents for both hybrid populations, female parents of the single-cross hybrids corresponding to female1 parents of the three-way hybrids). We found a more than threefold increase in prediction ability, from 0.095 for RRBLUP to 0.308 for GSA-RRBLUP (Fig. 2) . The superiority was also observed in contrast to an RRBLUP model assuming separate male and female marker (female1 Ç female2) effects (MF-RRBLUP), which resulted in a prediction ability of 0.163. This again strongly emphasizes the need to model the female1 and female2 parental pools separately.
Besides a scenario of using exclusively two-way hybrids in the training population, we also considered training populations on the basis of two-and three-way crosses. Prediction abilities increased with the increasing proportion of three-way hybrids included in the training population (Table 1 ). The prediction ability of GSA-RRBLUP based on the two-way hybrids (0.308) was already reached when replacing 10% of the single-cross hybrids by three-way hybrids in the training population. This result highlights the benefits in composing representative training populations for genome-wide predictions.
Computer simulations were applied to examine the role of different covariance structures among marker effects on prediction accuracies in more detail. Relevant parameters such as heritability have been specified according to the experimental data set, and three correlation scenarios between marker effects were simulated. Moreover, the prediction ability of an RRBLUP model assuming effects for female (female1 Ç female2) and male lines (MF-RRBLUP) was examined. The simulation study confirmed the superiority of GSA-RRBLUP, which outperformed RRBLUP and MF-RRBLUP by up to 18% (Table 2) . Thus, GSA-RRBLUP is a valuable approach for genome-wide prediction in the presence of distinct subpopulations. It is important to note that in our study subpopulation effects correspond to parental effects. Nevertheless, the design matrix of the parents can be changed to a design matrix of subpopulations. This then allows subpopulation general and specific effects to be modeled instead of parental effects.
We estimated the variance components of the marker effects of the RRBLUP and GSA-RRBLUP models to examine their impact on prediction abilities (Fig. 3) . For both models, the variances of the dominance effects are relatively small compared with those of the additive effects, suggesting a minor contribution to predicting the performance of three-way hybrids. For GSA-RRBLUP, the variance of the general additive effect is far less than those of the specific additive effects (Fig. 3b) . This result indicates a low covariance of the additive effects between the male and female parents of the single-cross hybrids and explains the benefits of GSA-RRBLUP model versus the RRBLUP model when assuming the same additive effect in each subpopulation. 0.55 †Assuming general and subpopulation-specific additive effects for different subpopulations (GSA-RRBLUP) calibrated using information on the single-cross hybrids and different proportion of three-way hybrids which replaced single-cross hybrids in the training populations. Figure 1 . Plot of the first two principal coordinates (PC) with all the lines grouped into male and female parent pools for the single-cross hybrids and into male, female1, and female2 pools for the three-way hybrids. Figure 2 . Prediction abilities of ridge regression best linear unbiased prediction (RRBLUP) of hybrid performance estimated within the population of single-cross hybrids (RRBLUP within 2W F 1 ) and for the three-way hybrids calibrated using data of the single-cross hybrids (RRBLUP 2W-3W F 1 ). Prediction abilities of the threeway hybrids is based on extended RRBLUP, assuming general and subpopulation-specific additive effects for different subpopulations calibrated using information on the single-cross hybrids (GSA-RRBLUP 2W-3W F 1 ). 2W: two-way; 3W: three-way. . MF-RRBLUP models additive effects for male and females as well as a dominance effects. SA-RRBLUP assumes three subpopulations but ignores general additive effects. Independent marker effects as well as positively and negatively correlated marker effects between male (M) and female1(F1)/female2(F2) were modeled, i.e., r(M,F1) and r(M,F2).
The low contribution of the general additive effects to the total genetic variance (Fig. 3b) can be explained by the low correlation between marker effects of female1 and female2 (r = 0.04, P > 0.1) and raises the question of whether it can be omitted in the prediction. As expected, the prediction ability was not reduced for the hybrid barley data (0.308) when ignoring the general additive effect. We also performed computer simulations and observed that GSA-RRBLUP outperformed a model ignoring general additive effects (SA-RRBLUP) for a scenario assuming positively correlated marker effects (Table 2 ). For negatively correlated marker effects, we observed only a 2% reduction in the prediction abilities of GSA-RRBLUP versus SA-RRBLUP.
GSA-RRBLUP with General and SubpopulationSpecific Dominance Effects
Following the approach of predicting the performance of three-way hybrids on the basis of phenotypic data (Melchinger et al., 1987) , we further refined the dominance part of the GSA-RRBLUP model. The dominance effects between male and female1 parents at the kth (k = 1,2,..., m) marker (d MF 1 ,k ) can be decomposed into a general dominance effect between male and female parents (d 0,k ) and a specific dominance effect between male and female1 parents (d MF 1 S, k 
,k is the dominance effect between the male and female2 parents at the kth marker, and d MF 2 S,k refers to the specific dominance effect between the male and female2. We used the above outlined model with a decomposition of the additive, as well as dominance, effects into their general and specific components to analyze our single-cross hybrid data. The training population comprised exclusively single-cross hybrids of the type male ´ female1, and thus only d MF 1 ,k could be predicted. As a result, we used the model to predict the performance of the three-way hybrids. In Eq.
[7], Z DMF 1 ¢ refers to the design matrix of the dominance effects between the male and female1 parents of the three-way hybrids, similar to Z DMF 2 ¢, and
Other terms are the same as defined above. The prediction ability increased slightly from 0.308 to 0.310 using the GSA-RRBLUP model with general and specific dominance effects.
Reformulating GSA-RRBLUP as a GSA-GBLUP Model
The GSA-RRBLUP model allows predicting marker effects explicitly but is for a large number of markers computationally demanding. Therefore, we redefined the GSA-RRBLUP model also as a GSA-GBLUP model, which is computationally efficient. Let g A0 = Z A a 0 , g AM = 1/2 Z AM a MS , g AF = 1/2 Z AF a FS , and g D = Z D d. Then the GBLUP model assumes that the design matrices in the GBLUP model are identity matrices: In this study, we directly used the design matrices of the RRBLUP model when describing the covariance matrices in the GBLUP model. In the standard GBLUP model focusing on additive effects, a different covariance matrix was used to take advantage of its asymptotic property (Habier et al., 2007) . These two models are statistically equivalent if the design matrix of the RRBLUP model is adjusted by the allele frequency.
Discussion
Generalization of the GSA-RRBLUP Model
Suppose that three-way hybrids can be symbolized as parent1 ´ (parent2 ´ parent3). In the previous sections, we discussed GSA-RRBLUP applied in the special situation where only information on single-cross hybrids parent1 ´ parent2 is known. In general, the performances of threeway hybrids can also be predicted on the basis of the information on all types of single-cross hybrids; that is, parent1 ´ parent2, parent1 ´ parent3, and parent2 ´ parent3, which means that relevant single-cross hybrids based on three genetically distinct subpopulations/heterotic groups can be generated in all possible combinations, which is possible, for instance, if three heterotic groups are characterized by the absence of restorer genes and if the parental lines can be converted into male lines by introgression of a major restorer gene. The presented GSA-RRBLUP can then be easily generalized to consider all types of singlecross hybrids (See Supplemental Information).
Assumptions Underlying the GSA-RRBLUP Model and Resulting Consequences
Although the GSA-RRBLUP liberates the restrictions of RRBLUP by allowing different marker effects among subpopulations, there are still some assumptions underlying GSA-RRBLUP, which are illustrated for additive effects. Suppose following correlations (Corr) and variance components (Var):
Corr a a = r 1 2 1 2 P P P P ,
Corr a a = r 3 1 3 P P P P ,
Corr a a = r Assume that s a P 2 = λ 1 s a P 1 , s a P3 = l 2 s a P 1 , l 1 > 0, l 2 > 0, and k = 1,2,…, m. Then, for k Î {1,2,…, m}: From the above equations and the fact that a variance is defined to be larger or equal to zero, we can deduce the assumptions underlying the generalized GSA-RRBLUP (Supplemental Material) as r = l r 1 2 2 3 P P 2 P P r = l r When r P 1 P 2 (r P 1 P 3 ) is zero, 1/r P 1 P 2 (1/r P 1 P 3 ) can be considered as ¥. The above results highlight the restrictions on the variances and covariances of the additive effects of the parental populations. When l 1 and l 2 are close to 1, which means that the variances of the marker effects of different parental populations do not differ too much, the inequalities in Eq.
[10] can be easily satisfied. However, the inequalities in Eq.
[10] also highlight that we assumed in the generalized GSA-RRBLUP (Supplemental Information) that (i) the covariance between additive effects of each pair of the three parental populations are the same and (ii) the correlations between the additive effects of the three parental populations are not negative. Assumption (i) is probably too strict and further research is required to examine the potential for relaxing the restriction on this assumption. Assumption (ii) seems to be reasonable since the three populations often belong to the adapted elite germplasm pool. In addition, our simulation study revealed that violating assumption (ii) does not severely impact the prediction ability of the GSA-RRBLUP model (Table 2) .
Quantitative Genetic Interpretation of the GSA-RRBLUP Model
Previous implementations of genome-wide prediction of hybrid performance defined genetic effects in reference to either one or two parental populations (cf. Technow et al., 2012) . GSA-RRBLUP expands this to a scenario with three genetically distinct parental populations. In addition, GSA-RRBLUP bridges previous approaches, that is, modeling one or two independent additive effects, and allows modeling a covariance among marker effects from different subpopulations, which is illustrated in the following. In Eq.
[3], since Z A = 1/2 Z AM + 1/2 Z AF , the additive part can be written as . Thus, GSA-RRB-LUP unifies previous approaches and is flexible as it captures differences in the consistencies of marker effects of subpopulations. This is, for instance, relevant to benefit from strong variation in consistencies of marker effects along genomic regions, as recently reported for maize (Technow et al., 2014) .
Advantages of the GSA-RRBLUP Model
Thus far, the performance of three-way hybrids has been predicted on the basis of general and specific combining ability effects estimated from single-cross hybrids (e.g., Melchinger et al., 1987) . The requirement is that every line is used as parent of at least one single-cross hybrid. This restriction is removed in our approach, which applies genome-wide prediction of three-way hybrids. Consequently, a much larger number of potential threeway hybrids can be predicted, boosting the selection gain due to a substantial increase in the selection intensity.
Previous studies have shown that the prediction ability of genomic selection also depends on the relatedness between the training and test populations (Habier et al., 2007; Technow et al., 2012; Zhao et al., 2015b) . Nevertheless, when applying GSA-RRBLUP instead of RRBLUP, the increased prediction ability can only be partially explained by relatedness: the average Rogers's distances among single-cross and three-way hybrids is smaller than that between the male parents of the two hybrid populations, or that between the female parent of the single-cross hybrids and the female1 parent of the three-way hybrids (Fig. 4) .
Conclusions
The GSA-RRBLUP model is a flexible and powerful tool for predicting the performance of three-way hybrids. Diverse combinations and uses of marker-effect components facilitate proper modeling of the connections between training and test populations and at the same time reduce noise caused by their genetic differences. With the help of the restricted maximum likelihood algorithm, which can be easily implemented in standard statistical software packages, the seemingly complicated marker effect constitution does not require much more calculation time or labor compared with classical RRBLUP approaches. Due to the GSA-RRBLUP model's advantages in dealing with hybrids from different parental populations, it may also be a promising approach to boost the prediction ability for single-cross hybrids based on genetically diverse heterotic groups such as in maize (e.g., van Heerwaarden et al., 2012) . Further research is required to examine the pro and cons of GSA-RRBLUP for such a scenario. (1) single-cross and three-way hybrids (2W vs. 3W), (2) male parents of singlecross and three-way hybrids (M_2W vs. M_3W), (3) female parents of single-cross hybrids and female1 parents of three-way hybrids (F_2W vs. F1_3W), and (4) female parents of singlecross hybrids and female2 parents of three-way hybrids (F_2W vs. F2_3W). 2W: two-way; 3W: three-way.
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